We study and contrast pricing and price evolution of online only (Dotcom) and online branch of multi-channel retailers (OBMCRs) based on two panel data sets collected from online toy markets. Panel data regression analyses reveal several interesting empirical results: over time, OBMCRs and Dotcoms charge similar prices on average but Dotcoms significantly increase their shipping costs that eventually drive the overall average price of Dotcoms higher than that of OBMCRs. Price dispersions of both types of retailers are persistent. The price dispersion of OBMCRs is higher than that of Dotcoms at the beginning and does not change much over time, but the price dispersion of Dotcoms increases significantly over time, indicating that the latter will eventually be higher than the former. Moreover, the OBMCRs charge significantly different prices, but the Dotcoms charge similar prices.
Introduction
The rapid development of online retailing has inspired a fast growing research interest in studying the online pricing behaviors (Ancarani and Shankar, 2004; Pan et al., 2004; Xing, et al, 2006) . Early studies in the literature mainly focused on comparing price levels and price dispersions between offline and online competitors (Bailey, 1998; Brynjolfsson and Smith, 2000) , and among online retailers (Tang and Xing, 2001; Clemons et al., 2002) . As online markets become mature and more data on e-tailing become available, empirical studies have shifted from analyzing crosssectional data to longitudinally investigating market dynamics in price levels and price dispersions (Baylis and Perloff, 2002; Lee and Gosain, 2002; Baye et al., 2004a Baye et al., , 2004b Xing et al., 2004 Xing et al., , 2006 Gan et al., 2007) .
Our study adds to the literature a new research on the pricing behavior and dynamics in the online toy market based on two panel data sets collected over the span of three years (from October 2000 to January 2004). To our knowledge, this is the first systematic study of the online toy market from such a perspective.
In Section 2, we discuss the theoretical background related to the current research and propose the research questions relevant to this study. In Section 3, we give a simple description of the data, identify major factors that affect toy prices, and propose a formal econometric model to facilitate the price analysis. In Sections 4 and 5, we present the empirical results derived from the two data sets. In Section 6, we give some concluding remarks.
Theoretical Background and Research Questions
There are two types of online retailers: pure Internet retailer (hereafter Dotcom) and online branch of multi-channel retailer (hereafter OBMCR). Upon a superficial view that online search costs are in fact similar (basically close to zero) for online retailers of either type since consumers can obtain price information in online markets easily and inexpensively, online price dispersion is expected to be small and that online prices of the two types of retailers could be expected to converge over some time, somehow. Bakos (1997) examined the effects of lower search cost on equilibrium prices and showed that low search cost may drive Internet prices for homogeneous goods toward the Bertrand marginal cost pricing pattern. Although Bakos' theory is supported by Smith (2001) , and Smith and Brynjolfsson (2001) , Harrington (2001) disputed Bakos's results by demonstrating the absence of symmetric pure-strategy equilibrium in which consumers search. Since then, mounting empirical evidence points to the existence of persistent pricing differences in online markets (Pan et al., 2004; Xing et al., 2004; Xing et al., 2006) . Theoretically, Baye and Morgan (2001) and Chen and Hitt (2003) both showed that online price dispersion can be an equilibrium outcome of price competition in the Internet markets. Therefore price dispersion in online markets may be persistent. Previous theoretical research suggested that price dispersion may be results of multiple channel operation (Pan et al., 2003b; Ancarani and Shankar, 2004) , retailer heterogeneity (Smith and Brynjolfsson, 2001; Baylis and Perloff, 2002) , brand, reputation, and trust (Brynjolfsson and Smith, 2000; Chen and Hitt, 2003) , and random pricing strategies (Chen and Hitt, 2003, Ghose et al., 2007) .
Indeed several studies have compared price dispersions between the online and offline markets. Numerous studies found offline price dispersion was higher than online price dispersion (Bailey, 1998; Brynjolfsson et al., 2000; Clay et al., 2002; Gan et al., 2007) , while others showed the reverse trend was true (Morton et al., 2001; Brown and Goolsbee, 2002; Xing et al., 2004; Xing et al., 2006 ). Yet Scholten and Smith (2002) found no significant difference in price dispersion between the two markets.
In this study, we use a unique set of panel data to examine trends in toy prices. The data was collected from websites of online toy stores over a period of three years using search engines such as Yahoo! Our analyses are conducted using a panel data regression model, rather than employing cross-sectional data as in most of the earlier studies. Using a panel data regression model allows us to compare prices and price dispersions between the two types of online retailers in addition to exploring the possibility of online price convergence and its changes in price dispersion for a relatively long period of time. The fact that multi-channel retailers may wish to coordinate prices across their channels to prevent destructive competition www.economics-ejournal.org 3 among themselves can result in different pricing policies adopted by various types of online retailers, thus persistent price differences may exist in online markets. But it is also possible that competition may drive the prices of OBMCRs and Dotcoms toward the same level in the long run. Therefore it is of great interest to explore the dynamics of online pricing and to test if these prices converge over time.
These theoretical considerations lead naturally to the following research questions: The unique features of the data sets and the panel data regression approach (described in the next section) will allow us to examine these research questions empirically.
Data Description, Factor Identification and Econometric Model

Data Description
Our analysis of online toy pricing is carried out based on two data sets collected from websites of selected toy retailers. The first data set was collected from October 19, 2000 to April 1, 2001, weekly for 12 weeks. It consists of 8 retailers (4 OBMCRs and 4 Dotcoms) with 42 toy titles (20 best sellers and 22 randomly chosen), which gives a total of 8×42×12 = 4,032 price observations. Additional information about the data includes the brand name, list price for each title, and the date of collection. The second data set was collected from July 12, 2002 to January 23, 2004 for 35 collections. Due to the unavailability and inconsistency of data www.economics-ejournal.org 4 throughout that period of time, it covers only 4 of the original 8 retailers from the first data set. The second data set involve 53 toy titles, yielding a total of 4×53×35 = 7,420 price observations. All collections were carried out bi-weekly except for the irregular gap between June 20-August 22, 2003. 1 Great care was taken to include a variety of typical toy items so as to make our sample as representative as possible. Around half of the toy items were selected as an even mix of the top bestsellers among the retailers while the rest were chosen randomly. In addition to the information on the brand name, list price, and the date of collection from the first data set, this data set also contains the information on the 'availability' of the toy items, which may have an interesting effect on pricing.
The selected retailers must meet the criteria of selling a general selection of toys online with their respective prices posted on the companies' websites. All raw data and more detailed analysis tables are available from the authors upon request. Table 1 and Table 2 present a summary of statistics for the first and second data set, respectively. Table 1 shows that toy prices vary significantly among the OBMCRs, but only a little among the Dotcoms, irrespective of prices (posted or full) being considered, or what titles (all, best sellers or random) being used. Price dispersion measured by standard deviation or range varies considerably from one retailer to another, in particularly if only the best sellers are involved. Retailers generally price best sellers significantly higher than random titles. The summary statistics do not show significant differences in price or price dispersion between OBMCRs and Dotcoms. Table 2 shows that both the price (posted or full) and price dispersion of the retailer called Smartkids are significantly higher than the other three. While those summary statistics are revealing, a formal investigation on the proposed research problems calls for a proper statistical model which captures all the potential price-affecting variables. 
Factor identification
In order to examine the research questions listed previously in Section 2 using a panel data regression model, we need to identify the explanatory variables representing the potential factors that control the online toy prices. Apparently, the price of a toy varies across titles and retailers, and from one time period to another. This motivates us to run an analysis of variance (ANOVA) model for each of the two data sets with Posted Price or Full Price (posted price plus shipping cost) as the response and title, retailer and date as the three factors. The results are summarized in Tables 3 and 4 . From the results we see that the three main effects and their two-way interactions together account for more than 99% of the total price variations for data set 1, and more than 97% for data set 2. Thus, our formal price analysis can be carried out using explanatory variables designed based on these three factors.
www.economics-ejournal.org 7 Having identified the three major factors affecting toy prices, our next questions are: how to quantity those factor effects, and what is the suitable econometric model we can base on so as to formally address the research questions proposed in Section 2? We first describe a general model in the following subsection, and subsequently in Sections 4 and 5, we apply it to the actual data upon which detailed definitions of the corresponding explanatory variables are given.
Econometric Models
Based on the nature of our data sets, we use a panel data regression model in this paper. Let y it be the price or price dispersion for the ith cross section at tth time period, where subscript i is a combined index for toy titles and retailers when y it represents the price, and a combined index for titles and retailer types when y it represents the price dispersion. Let { k X , k = 1, . . . , K} be the explanatory variable containing the variables that serve for necessary comparisons and the variables that serve for control purposes. The model takes the general form
, representing a two-way error components model with µ i accounting for the unobservable cross-sectional effects that is not included in the model, γ t capturing the unobservable time effects that is not included in the model, 2 and ε it denoting the remainder stochastic disturbance. N is the number of cross sections (title and retailer combinations, or title and retailer-type combinations), T is the length of the time series for each cross section, K is the number of the explanatory variables, and the β's are the regression coefficients.
_________________________
In this paper, µi and γt are treated as random effects that give rise to the popular two-way random effects model3. More specifically, µi's are assumed to be independent and identically distributed (iid), so are the γt's and the εit's; the three error components (µi, γt and εit) are assumed to be independent of each other; and µi's and γt's are uncorrelated with the explanatory variables. We employ the generalized least squares (GLS) method for our model estimation (Baltagi, 2008) , and the White's heteroscedasticity-corrected standard error for model inference (White, 1980) .
Empirical Results Based on the First Data Set
The relatively rich structure of the first data set allows us to conduct a full analysis of price and price dispersion, and to answer the interesting research questions put forth in Section 2. As shown in Section 3.2 through an ANOVA model, the three factors title, retailer, and date and their two-way interactions explain more than 99% of the total price variations, hence the construction of the explanatory variables is essentially based on these three factors.
Analysis of Prices
In order to quantify the effect of retailers, we put retailer dummy variables in the model so that we can estimate the price difference between the OBMCRs and Dotcoms and thus examine the first research question Q 1 . For example, the dummy variable Walmart takes value 1 if the price observations correspond to the retailer Walmart, and otherwise 0. To see the price movement over time, two time trend variables, T OBMCR and T Dotcom are _________________________ 3 Ideally, one should conduct a Hausman test before deciding on using the random effects model rather than the fixed effects model (Hausman, 1978 It is also important to analyze the relationship between the price level and price dispersion. To this end, a price dispersion variable SDPrice is included in the model, which is defined as the standard deviation of the prices of a given toy title for the retailers of the same type. Having defined these explanatory variables, the final model for the analysis of prices based on the first data set is defined specifically as follows:
where Price may be the Posted Price or Full Price, and the last variable BestSeller is dropped when the analysis is concentrated on the best sellers or on the random titles. The retailer dummy variable Nutty-Putty is omitted to avoid the dummy variable trap, and for the same reason the manufacturer or brand dummy Others is also omitted.
The analysis of toy prices based on the first data set is carried out initially by fitting Model (2) using all the price observations, followed by the price observations on the best sellers, and then the price observations on the randomly selected titles, first using the Posted Price as the response and then the Full Price. In each situation, the following four hypotheses are formally tested corresponding to the first four research questions Q 1 -Q 4 :
H 1 : OBMCRs and Dotcoms charge the same price at the beginning of the study 4 , H 2 : Prices of OBMCRs and Dotcoms change with time in the same manner, H 3 : All the OBMCR retailers charge the same price, H 4 : All the Dotcom retailers charge the same price.
Tables 5 and 6 summarize respectively the results based on the posted prices and the full prices. The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the pvalues are calculated based the White's (1980) heteroscedasticity-corrected standard errors. 5 From the results, we can see that the test of H 1 is insignificant no matter whether the analysis is carried out based on the posted prices or full prices, or based on all titles, best sellers only, or random titles only. This shows that average prices of OBMCRs and Dotcoms are about the same at the beginning period of our study. The test of hypothesis H 2 is insignificant when the analysis is done based on the posted prices (except for the best sellers where H 2 is significant at only 10% level), but significant when the analysis is carried out based on the full prices. The implications of these test results will be discussed in details under the "analysis of price trends" section. The test of H 3 is highly significant in all analyses, showing that the OBMCR retailers have priced significantly differently. In contrast, the Dotcom retailers have charged quite similar full prices as shown by the insignificance of the test of H 4 in Table 6 , and slightly different posted prices for the categories of all titles and best sellers. (1980) test for cross section random effect is highly significant. However, the estimate of the variance component for the time series is small or close to zero for all models fitted, showing that after controlling for the time trend, the 'left-over' timewise price variation is small. Note: To avoid dummy variable trap, the retailer dummy Nutty-Putty is omitted, so that the prices of other retailers are compared with the price of Nutty-Putty. For the same reason, the manufacturer dummy Others is also omitted. The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the p-values are calculated based on White's (1980) heteroscedasticity-corrected standard errors. 
0.5338
Note: To avoid dummy variable trap, the retailer dummy Nutty-Putty is omitted, so that the prices of other retailers are compared with the price of Nutty-Putty. For the same reason, the manufacturer dummy Others is also omitted. The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the p-values are calculated based on White's (1980) heteroscedasticity-corrected standard errors.
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Analysis of Price Trends
Based on the results of Tables 5 and 6, some detailed analyses on the time trends are as follows. Although the test of H 2 is insignificant from the analysis based on the posted prices (Table 5) , the coefficients of the two time-trend variables are both significantly smaller than zero based on the analysis using all 42 titles. This means that average prices of OBMCRs and Dotcoms do change (reduce) with time but in the same pattern, so that their prices are kept at a similar level during the period under study. To illustrate, we calculate the estimates of the difference in average prices of OBMCRs and Dotcoms at the beginning and ending periods (based on the coefficients of the 8 retailer dummies and the two time trend variables), and they are shown to be $0.3273 and $0.2459, respectively. However, when the test of H 2 is carried out based on the full prices (Table 6) , it becomes very significant. In particular, the average full price of OBMCRs decreases significantly with time, but the average full price of Dotcoms increases significantly with time. This is because the Dotcoms have significantly increased their shipping cost over time. Further implication of this is that although the OBMCRs charge slightly higher than Dotcoms at the beginning of our study, the gap diminishes and the OBMCRs will end up charging less than the Dotcomes if prices keep moving in this direction. To show this idea, we calculate the estimates of the difference in average prices of OBMCRs and Dotcoms at the 1 st and 12 th periods, and they are shown to be $0.1571 and -$0.4611, respectively.
From the results in Tables 5 and 6 , it is interesting to note that the variable SDPrice is highly significant in all the analyses and its estimated coefficient has a negative sign. This shows that the price level and the price dispersion are negatively correlated -a lower price level is associated with higher price dispersion. Finally, for the price analysis to be conducted in a rigorous manner, it is important to control the title effect. To achieve this end, we use the ListPrice variable to control this effect, and the result is highly significant. We have also used title dummies (41 of them for the analysis involving all the 42 titles) to control this effect and it gives a similar set of estimates. Clearly, if the two methods yield similar estimation results, the use of a single ListPrice variable (in place of 41 dummy variables) is preferred. Another advantage of using a single ListPrice is that it allows testing of other effects in the form of dummy variables such as the manufacturer effects (FisherPrice and Hasbro), and the effect for the title type (BestSeller). The BestSeller effect is significant in the analysis we perform on posted prices. This shows that as compared to random titles, bestsellers tend to be associated with lower posted prices. The manufacturer effect is insignificant throughout all the analyses.
Analysis of Price Dispersion
The research questions Q 5 and Q 6 can be examined by fitting a similar panel model, to the price dispersion, SDPrice, which can then be defined based on Model 1 as follows:
where OBMCR is a dummy variable for the retailer type OBMCR, and the last variable BestSeller is dropped when the analysis is concentrated on the best sellers or on the random titles.
The results from running Model (3) are summarized in Table 7 (using posted prices) and Table 8 (using full prices). Here the price dispersion is defined as the standard deviation of prices of a given item for a given retailer type. In this case, we concentrate on testing the following two hypotheses corresponding to research questions Q 5 and Q 6 :
H 5 : OBMCRs and Dotcoms have the same magnitude of price dispersions, H 6 : Price dispersions of OBMCRs and Dotcoms change with time in the same way.
From the results shown in Tables 7 and 8, we can see that both hypotheses are highly significant in all the analyses, no matter whether it is based on the posted prices or full prices, or using all titles, or based on best sellers or random titles only. This means that OBMCRs and Dotcoms have different magnitudes of price dispersions, and that their price dispersions move with time at different rates.
Some details are as follows. From the coefficient of the retailer type dummy OBMCR, we see that it is significantly larger than zero, showing that the price dispersion of the OBMCRs is significantly larger than that of Dotcoms at the beginning period of our study. Very interestingly, however, we observe from the coefficients of the two time-trend variables that this gap in price dispersion diminishes over time. To illustrate this conclusion, using the results from Table 7 with all titles, the estimated difference in price disp7ersions between OBMCR and Dotcom is $1.1367 at the beginning period, and -$0.1481 at the ending period. A similar pair of numbers based on full price show $1.1647 and -$0.0464, respectively. Furthermore, we observe that bestsellers demonstrate a larger dispersion in both posted and full prices than random titles. 
<.0002
Note: The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the p-values are calculated based on White's (1980) heteroscedasticity-corrected standard errors. 
<.0007
Note: The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the p-values are calculated based on White's (1980) heteroscedasticity-corrected standard errors.
Empirical Results Based on the Second Data Set
The second data set contains fewer retailers than the first (4 vs 8), but it contains more titles (53 vs 42) and, more interestingly, it covers a much longer time duration (35 collections bi-weekly vs 12 collections weekly), which allows us to analyze the price evolution more comprehensively. Another interesting aspect of this data is that the information on the availability of a given title at a particular point in time is available. The smaller number of retailers in this data set makes comparing prices and price dispersions between OBMCRs and Dotcoms less meaningful. Instead, we concentrate on price differentials among individual retailers and the price movement with time. These studies address issues relating to the first two research questions put forth in Section 2, with the detailed hypotheses of the following forms: H 1 : All four retailers charge the same price, H 2 : Prices of all four retailers change with time in the same manner. The set of explanatory variables are constructed in a similar manner as in the analysis of the first data set. To control the potential effect of the single irregular time interval (the two months gap between the 23 rd and 24 th collections), we put a time dummy T 24 into the model which takes value 1 if an observation falls into period 24 or later, and otherwise 0. The effect of the availability factor is built into the model in the forms of dummy variables where AV = available, OS = out of stock temporarily, and NA = not available. Four time-trend variables are included in the model: Date, T Smarterkids , T Amazon , and T Walmart , which are, respectively, the overall time trend, and the interactions of Date with retailer dummies Smarterkids, Amazon, and Walmart. The final model for the analysis of price for Data Set 2 is defined as follows:
where Price may be the Posted Price or Full Price, and the last variable BestSeller is dropped when the analysis is concentrated on the best sellers or on the random titles.
From the results given in Table 9 , we see that both hypotheses are strongly rejected, indicating that average prices of the four retailers are different and that they change with time in different rates and directions. The variables and their results presented in the table are mostly self explanatory. Note: to avoid a dummy variable trap, the retailer dummy KBKids is omitted, so that the prices of other retailers are compared with the price of KBKids. The availability dummy NA is also omitted so that prices corresponding to AV and OS are compared with those associated with NA. The reported estimates are the two-way random effect estimates using the method of Fuller and Battese (1974) . All the p-values are calculated based on White's (1980) heteroscedasticity-corrected standard errors.
www.economics-ejournal.org 20 Some interesting observations are as follows. Based on the posted prices, Smarterkids charges the highest price and its price keeps increasing with time. Based on the full prices, even though the price of Smarterkids is the second highest, its price still continues to increase with time. On the other hand, prices charged by Amzon.com tend to decrease over time, this applies to both posted and full prices. Walmart prices the lowest among the four retailers, irrespective of whether the posted or full prices are used. And, its price seems quite stable. This clearly indicates that Walmart is adopting the every-day-low-price pricing strategy (EDLP) since OBMCRs are more likely to offer discounts to clear their inventories given their larger warehouse capacity.
From our general observations, prices are significantly higher when titles are available than when they are shown to be unavailable on the website. Even when the titles are temporarily out of stock, their prices are also significantly higher than when they are unavailable. This is supported by a study (Dana, 2001 ) that argued some retailers use high prices as a signal for high availability so as to draw customers' traffic. Once again, the price is negatively related to the SDPrice variable in a highly significant way, showing that the higher the price dispersion, the lower the price on average. The use of ListPrice variable to control the title effect makes the analyses and comparisons fairer.
Concluding Remarks
Several studies have been carried out to compare the OBMCRs and Dotcoms, with particular emphasis on their price levels, price dispersion, and the frequency of price changes. These studies have been performed on books (Bailey, 1998; Brynjolfsson and Smith, 2000; Clay et al., 2002) , CDs (Bailey, 1998; Brynjolfsson and Smith, 2000; Lee and Gosain, 2002, Pan et al., 2003a) , DVDs (Pan et al., 2003a; Ratchford et al., 2003; Xing et al., 2006) , videos (Tang and Xing, 2003) , electronics (Baye et al., 2004a (Baye et al., , 2004b Xing et al., 2004) , cars (Morton et al., 2001) , toys (Tang and Gan, 2004) , grocery (Scholten and Smith, 2002; Gan et al., 2007) , and so on. Based on these literatures and for simplicity, our study uses posted price as www.economics-ejournal.org 21 well as full prices (i.e., posted price plus shipping cost, similar to price paid at "check out", as though a transaction has taken place) for measuring price dispersion. There have been interesting studies conducted recently based on the use of actual transaction prices to estimate price dispersion (Ghose and Yao, 2011; Sengupta, 2007) , such prices can certainly be considered in the extension of our study. Our present study extends beyond the existing literatures by examining the dynamics of pricing across three years' time span. There are some interesting findings. First, the OBMCRs charge very different prices whereas the Dotcoms charge similar prices while both OBMCRs and Dotcoms demonstrate different magnitudes of price dispersions. Second, price dispersions by each retailer type move at different rates with time -specifically, OBMCRs exhibit higher price dispersion than the Dotcoms at the beginning period but the gap between them narrows over time.
The average price levels between the OBMCRs and the Dotcoms are found to have no statistically significant difference. This is consistent with an earlier study in grocery (Gan, et. al., 2007) . It suggests that prices of both types of retailers converge due to reduced search costs among consumers and thus lower information asymmetries. Since the pricing strategies of OBMCRs are influenced by their market power in the bricksand-mortar market, they are less likely to decrease their online prices as they view their online stores as substitutes and not complements to their bricks-and-mortar stores. Hence, given that smaller Dotcoms observe and peg their online posted prices closer to the larger and more reputable OBMCRs in order to remain competitive, there is a lack of significant difference in price levels between the two types of retailers. In addition, the difference in the magnitudes of price dispersion between the OBMCRs and Dotcoms can be explained by the different pricing strategies of the two types of retailers. The smaller price dispersion among the Dotcoms suggests that price competition among this type of retailers is relatively more aggressive than within the OBMCRs. The more reputable OBMCRs, on the other hand, often compete on non-price features such as their goodwill and their good customer and delivery services. Some even provide better refund policies such as allowing their online customers to return products to the physical stores. Further, the larger OBMCRs carry with them rich experience of price discrimination from physical market to online market and thus are more adept at it especially in the Internet age. All these account for the larger price dispersion among the OBMCRs. Other factors that can contribute towards price differentials and price dispersions between the two types of retailers are greater convenience, wider product selection (Brynjolfsson et al., 2003) , and availability from online channels (Ghose et al., 2006; Forman et al., 2009) .
From a managerial perspective, our results suggest that there is still room for both types of retailers to differentiate themselves and improve on their profitability using various pricing strategies. One of which is to focus on setting low prices only on certain high volume, high "visibility" products (such as bestsellers) that are critical to signal price image (Cox and Cox, 1990; Nagle and Novak, 1988) . When competitors implement price increase on these products, instead of following the price increase, the management could initiate a price cut to strengthen their low price image (Dickson and Urbany, 1994) . Another strategy might be the use of promotions. Walters and MacKenzie (1988) found that promotions increase store traffic, resulting in a favorable impact on store sales. The online toy stores can utilize promotions to a greater extent by engaging in aggressive promotions in areas where the customers are less price-sensitive and softer promotions in areas where customers are more price-sensitive (Hoch et al., 1994) . This can be carried out at ease on the Internet since online retailers are increasingly more adept at price discrimination in an information age such as today.
Moreover, both types of online retailers can also focus on the frequency of orders and the size of each order. Not only should they cater to customer demands that can be fulfilled effectively, but also that corresponds to the bulk of customers' purchases too. For instance, by providing a wider product selection (Forman et al., 2009) as well as more product information to customers, it will lead to improved product fit, reduced price sensitivity and hence, higher profit margins (Lynch and Ariely, 2000) . In order to retain and further attract online customers, they can focus on other nonprice strategies, examples of which are increasing product variety, providing better refund policies such as allowing online customers to return products to the physical stores, improving delivery services, ensuring tighter online security, and creating trust to enhance their reputationssome of these can be implemented efficiently with the aid of the information technology. Despite the trusted reputations of OBMCRs and the fact that their financial and operational resources confer advantages upon them in the online market, pure Dotcoms can still create niche markets by segmenting their markets and analyzing their customers' needs. It would be interesting to explore how both types of online stores can further expand their customer base as well as increase their profit margins by obtaining alternative sources of advantages.
